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Abstract. Online communities and networked learning provide teachers with 
social learning opportunities, allowing them to interact and collaborate with 
others in order to develop their personal and professional skills. However, with 
the large number of learning resources produced every day, teachers need to 
find out what are the most suitable ones for them. In this paper, we introduce 
recommender systems as a potential solution to this. The setting is the Open 
Discovery Space (ODS) project. Unfortunately, due to the sparsity of the educa-
tional datasets most educational recommender systems cannot make accurate 
recommendations. To overcome this problem, we propose to enhance a trust-
based recommender algorithm with social data obtained from monitoring the 
activities of teachers within the ODS platform. In this article, we outline the re-
quirements of the ODS recommender system based on experiences reported in 
related TEL recommender system studies. In addition, we provide empirical ev-
idence from a survey study with stakeholders of the ODS project to support the 
requirements identified from a literature study.  Finally, we present an agenda 
for further research intended to find out which recommender system should ul-
timately be deployed in the ODS platform.  
Keywords. recommender system, collaborative filtering, social data, social 
networks, sparsity, trust, trust network, teacher, learning object 
1 Introduction 
The Internet provides teachers with a social space to interact and access resources in 
the form of either content or knowledgeable people outside their school (Brown and 
Adler 2008; Dawson 2008; Schuck 2003). However, with the increasing amount of 
user-generated content (e.g. in the form of learning resources, videos, discussion fo-
rums, blogs, etc.) produced every day, it becomes ever more difficult for teachers to 
find the most suitable content for their needs. Recommender systems have been intro-
duced in the educational domain as a practical approach to solve information overload 
problems (Manouselis et al. 2012). Generally speaking, recommender systems pro-
vide a user with the most suitable content based on their past behaviour. They have 
become popular because of their successful applications in the e-commerce world 
such as by Amazon1 and eBay2. Fortunately, they can be adjusted and successfully 
                                                            
1 http://www.amazon.com 
used also in the educational domain as proven in the latest state of the art report by 
Manouselis, Drachsler, Verbert and Duval (2012). In this research, we investigate 
which recommender system algorithm suits the information overload problem of 
teachers best. The algorithm to be selected feeds on the activities of the teachers with-
in an online social platform. The platform in this research is to be provided by the FP7 
Open Discovery Space3 (ODS) project. The ODS project aims to present a social 
network style platform that mainly aims to provide teachers with convenient accesses 
to approximately 1.550.000 learning resources from several content repositories and 
educational portals all over the Europe.  
In general, two methods have been used in recommender systems: content-based 
filtering and collaborative filtering. Content-based methods recommend an item to a 
user based on the similarity between the item’s content description and the user’s 
preferences model (Pazzani and Billsus 2007). Collaborative filtering algorithms try 
to find similar users based on the users’ ratings and opinions. CF algorithms search 
for like-minded users that are introduced as neighbourhoods and they predict an 
item’s rating for a target user based on collected ratings of the user’s neighbours 
(Herlocker et al. 2004)(Schafer et al. 2007). In this research, we use collaborative 
filtering methods as we mainly focus on the interactions and collaborations between 
teachers within an online social platform. However, it is difficult to compute similari-
ty of user profiles when users do not share a common set of ratings or when there are 
too few ratings available; this is known as the sparsity problem (Golbeck 2009; 
Schafer et al. 2007). Unfortunately, educational datasets suffer from this problem 
more often than commercial datasets (Verbert et al. 2011). Therefore, before we can 
even use recommender systems in learning, we need to find ways to overcome the 
sparsity problem.  
Social trust has been introduced to many recommender systems as a response to 
the sparsity problem (Golbeck 2009; Kamvar et al. 2003; Lathia et al. 2008; Massa 
and Avesani 2007; Ziegler and Golbeck 2007). Trust has an important role in research 
areas as wide ranging as sociology, psychology, and computer sciences. Trust has 
many forms as it depends on many factors. In this research, we focus on trust in the 
context of social networks. In general, users prefer to receive recommendations from 
people they trust. Ziegler and Golbeck (2007) show a strong connection between trust 
and user similarity. In previous work, we utilized this when forming ad-hoc transient 
groups of similar users as a means of collectively solving content-related questions 
that learners experience (Van Rosmalen et al. 2008; Sloep 2009; Fetter et al. 2012).  
However, Golbeck (2009) shows that trust captures not only simple overall similarity 
between users but also other features of the relationships between users. In recom-
mender systems research, trustworthy users have been introduced as the users who 
have shared positive experiences in the past (Golbeck 2009; Lathia et al. 2008; Lee 
and Brusilovsky 2009) and thus, trust is a value that reflects “a history of interactions 
rather than a history of similar ratings” (Lathia et al 2008).  
                                                                                                                                               
2 http://www.ebay.com 
3 Open Discovery Space is a 7th framework European project, http://opendiscoveryspace.eu/ 
  
Trust can help us to solve sparsity problem if it is assumed to be transitive; that is, 
if A trusts B and B trusts C, then A trusts C. Assuming that trust is transitive allows 
us to find a relationship between two users who have no common set of items but do 
have friends in common. Suppose we have two users: Alice and Carol who have no 
rated set of items in common. Therefore, it is not possible to compute similarity be-
tween them. As a result, there will no direct relationship between Alice and Carol 
even though they are already indirectly connected through another user Bob. Howev-
er, Carol might be a useful source of information for Alice and vice versa. In this 
case, the transitivity of the trust relationship helps us to infer a relationship between 
Alice and Carol through their common friend Bob: if Alice trusts Bob in his recom-
mendations on papers and Bob also trusts Carol in the same way then, Alice can trust 
Carol in her recommendations on papers. It is important to note that the trust value 
between two users is computed based on their history of interactions that shows to 
what extent a user can trust the other. The initially assigned trust value will be gradu-
ally adjusted on the basis of users’ interactions. In this way, the potential recommend-
ers who provided valuable information to a user are trusted with higher degrees of 
trust and the users who could not be sources of information will be downgraded 
(Lathia et al. 2008). So, this is how we define “trust” in this research: trust is a tran-
sitive relation between users who share a history of interactions. Although trust de-
fined this way is different from many other, social or psychological definitions, it is 
sufficiently similar to them to be useful in realistic contexts. 
In teachers’ communities, teachers can perhaps be supported to find trustworthy re-
sources as proxies for reliable sources of information. Such trustworthy resources 
enable teachers to feel more comfortable to share and interact within a closed and 
trustful community. To achieve this, we follow a trust-based recommender system 
proposed by Fazeli et al. (2010) to create trust networks of users based on the rating 
information of user profile and item profile. Fazeli et al. proposed a concept called T-
index to measure trustworthiness of users in order to improve the process of finding 
the nearest neighbours. The T-index is inspired on the H-index, which is used to eval-
uate the impact of publications (Hirsch 2005). In the present context, the higher the T-
index value of a user, the more trustworthy that user becomes. Fazeli et al. showed 
how the T-index improves the structure of a generated trust network of users by creat-
ing connections to more trustworthy users (Fazeli et al. 2010). Trust networks of users 
are described as a graph in which nodes represent the users and directed edges show 
the trust relationships (Dokoohaki and Matskin 2008; Fazeli et al. 2010; Golbeck 
2005). Fazeli et al. created the trust relationships between users based on the ratings 
users gave to the items in their system (Fazeli et al. 2010). Although user evaluations 
in the form of ratings is one of the important examples of users' activities within a 
social environment, other social activities of users should not be ignored up front. In 
general, the social activities of users describe each action of users within a social en-
vironment, for instance browsing a Web page, bookmarking, tagging, making a com-
ment, giving rating, etc. We refer to the data that comes from the social activities of 
users, as social data. In this research, we aim to enhance the existing T-index ap-
proach of (Fazeli et al. 2010) by using social data of users. We intend to create trust 
relationship between users based on the collected social data from their activities 
within the ODS platform. 
Therefore, the first research question is: 
 
RQ1: Can the sparsity problem within educational datasets be solved by using in-
ter-user trust relationships, which originally come from the social activities of users 
within an online environment, and, if so, how? 
 
Moreover, we aim to study how the generated trust networks of users can be im-
proved by social data of users. Therefore, we need to study the structure of trust net-
works for teachers and show how using trust relationships between users can have a 
positive effect on the generated trust networks of users. So, the second research ques-
tion is:  
 
RQ2: Can the use of the inter-user trust relationships that originally come from the 
social activities of users within an online environment, help teacher networks evolve? 
 
The rest of this paper is organized as follows: Section 2 presents the state-of-the-art 
in recommender systems with the aim of exploring what characteristics should be 
taken into account when designing a recommender system. In Section 3, we describe 
the requirements analysis phase. We define a use case scenario as a practical example 
and then we validate the given use case with the collected data in a visionary work-
shop. Based on the requirements derived in Section 3, Section 4 presents an overview 
of on-going and future tasks in our research. Section 5 discusses our conclusions. 
2 State-of-the-art   
Several reviews exist which detail how to study and classify recommender systems in 
terms of recommendation techniques, tasks, delivery mode, etc. However, each of 
these reviews focuses only on some of the dimensions to classify recommender sys-
tems and none of them present an integrated framework for the classification of rec-
ommender systems (Manouselis et al. 2012). Manouselis and Costopoulou (2007) 
propose a framework for categorizing the dimensions of recommender systems, which 
were identified in the related studies. We will use this framework to investigate the 
characteristics that should be considered when designing a recommender system for 
teachers. As shown in Figure 1, the proposed framework consists of five main catego-
ries of characteristics: 1. Supported tasks, 2. User model, 3. Domain model, 4. Per-
sonalization, and 5. Operation. We will now introduce each of the characteristics 
briefly and conclude with how the resulting framework could be applied to a recom-
mender system for teachers. 
  
2.1 Supported Tasks 
As mentioned before, teachers need to stay informed about the availability of re-
sources which may help them to deal with the issues they face in their job. So, we aim 
to support teachers to Find Novel Resources that are suitable for them based on their 
profile history. Most of the recommender systems in the educational domain have 
been designed to support this task (Drachsler et al. 2009; Lemire et al. 2005; Rafaeli 
et al.; Recker et al. 2003; Tang and McCalla 2003). For more examples, see the book 
by Manouselis, Drachsler, Verbert and Duval (2012).  
2.2 User model 
We represent user profiles for teachers by history-based models and user-item matri-
ces which mainly focus on the past activities of the users, such as ratings information 
(Lemire et al. 2005; Manouselis et al. 2010; Recker et al. 2003). Furthermore, we aim 
to create user profiles based on ontologies as through their formal definition they 
provide us with more interoperability and openness between heterogeneous platforms. 
In addition, ontologies provide inference mechanisms, which may be used to enhance 
the recommender systems. We create the relationships between users by ontology to 
model the relationships between users on social networks (Dokoohaki and Matskin 
2008; Fazeli et al. 2010; Golbeck 2005).   
 
 
Fig. 1. A proposed social recommender system for teachers 
 
The user profiles for teachers are generated on the basis of information provided by 
the users when they themselves fill in a registration form with their personal infor-
mation (name, surname, email, etc.) and professional information (teaching subject, 
interests, background knowledge, etc.). We refer to this part of the user profile as 
static data as it can be edited manually by the users anytime they want to. The other 
part of the user profiles contains dynamic or recommendation data. It will be dynami-
cally updated by the system as soon as teachers start interacting with the system (see 
Fig. 1). Since our main objective is to support teachers with a recommender system in 
the educational domain, we have to take into account the teachers’ characteristics. So, 
to create a user model for teachers, we need to consider both actions of teachers and 
context variables in the TEL field (Verbert et al. 2012). Verbert et al. describe the 
main characteristics that are to be considered for users in an educational context, such 
as knowledge level, interests, goals and tasks, and background knowledge, in addition 
to the data regarding users' actions in terms of type and result of actions and the con-
text in which an action has been taken (Verbert et al. 2012).  
As indicated, we intend to take advantage of social data of users to deal with the 
sparsity problem. To do so, we keep track of users' actions, so-called social activities, 
when they for instance rate, tag, bookmark, or share content in the ODS platform. In 
this way, the recommendations will be generated and improved based on the recorded 
actions of teachers while they interact with the ODS platform. As mentioned before, 
social data originally come from these recorded actions of users (teachers). To capture 
the social data, we intend to follow a standard specification to store and maintain 
users’ actions. Several standard specifications to describe social data of users and 
guarantee their interoperability exist. They are: 
• FOAF. The FOAF (Friend-of-a-Friend) vocabulary (Graves et al. 2007) describes 
user’s information and their social connections through concepts and properties in 
form of an ontology using Semantic Web technologies (Golbeck 2005). The FOAF 
Vocabulary describes personal information and social relationships. The FOAF 
Vocabulary shows basic information of users (FOAF Basics) such as name, sur-
name and also personal information about the people that a user "knows" and its 
interest area (Personal Info). In this research, we could extend the FOAF ontology 
to describe users by the concept of FOAF:agent that enables us to present our sys-
tem in a distributed setting to provide more scalability. Several trust-based recom-
mender systems have described the trust relationship between users by extending 
the FOAF ontology to model the social relationship between users (Fazeli et al. 
2010; Golbeck 2005; Massa and Avesani 2007). 
• CAM. Contextualized Attention Metadata (CAM) is a format to capture observa-
tions about users’ activities with any kind of tool (Schmitz et al. 2009; Wolpers et 
al. 2007). A CAM schema aims to store whatever has attracted users’ attention 
while the users are working with the tool. It also stores users’ interaction with the 
tool such as rating, tagging, etc. A CAM schema records an event and its details 
when a user performs an action within a tool. The metadata stored in the CAM 
format describe all types of users’ feedback and, therefore, can be used to make 
  
recommendations for the users. Platforms that have been developed based on CAM 
schema, allow users to remove the tags they already assigned to a learning object, 
or to modify the ratings value they already gave to a learning object. Although this 
kind of information can be useful when generating recommendations, we prefer to 
provide users with the updated information of a learning object and not with the 
history of removed tags, modified ratings, etc. (Niemann et al. 2012). 
• Organic.Edunet. In the context of Organic.Edunet4, Manouselis and Vuorikari 
(2009) developed a model to represent and store users’ feedback, including rating, 
tagging, reviewing, etc. in a structured, interoperable and reusable format. This 
model is also based on the CAM format and aims to transfer the social data of us-
ers between heterogeneous systems. The social data of users are stored and re-
trieved by help of a so-called Social Navigation Module that is also in charge of 
making recommendations based on user profiles. At the moment, the Organ-
ic.Edunet schema does not support social data of users other than the ones already 
implemented by the Social Navigation Module in forms of tags, ratings and re-
views.  
We have also reviewed other standard specifications to describe social data such as 
Learning registry paradata5 and NSDL paradata6 but they have been designed to store 
the usage data of a learning object in an aggregated manner. In other words, they do 
not specifically keep track of the individual actions of each user. In our research, we 
need to store and retrieve every single action of the users in order to make recommen-
dations for them. This is why we selected the standard specifications mentioned 
above, that is FOAF, CAM, and Organic.Edunet schemas.  
2.3 Domain model 
Objects that are to be presented to teachers need to be represented somehow and need 
to be generated before they can be presented. This task is out of scope for the present 
research project. It will, parenthetically, be taken up by the ODS project, which aims 
to represent an integrated object repository containing several collections of learning 
objects hosted by the ARIADNE7 infrastructure. (The ODS intends to provide the 
largest European learning object repository in the field of education in 2015 including 
approximately 1.550.000 learning resources from 75 content repositories and 15 edu-
cational portals.) 
2.4 Personalization 
Method. As we pointed out in Section 1, we use collaborative filtering methods be-
cause they purely depend on users’ opinions and interactions and do not need the 
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actual content descriptions required by content-based methods. We intend to enhance 
the trust-based collaborative filtering approach of (Fazeli et al. 2010) by using social 
data of users within the ODS platform.  
Algorithm. CF methods are often categorized according to type or technique. Type 
refers to memory-based and model-based algorithms (Manouselis and Costopoulou 
2007; Schafer et al. 2007). Model-based algorithms use probabilistic approaches to 
develop a model of a user from the user’s history and profile. Examples of model-
based algorithms are Bayesian networks, neural networks, and algebraic approaches 
such as eigenvectors (Kamvar et al. 2003). Although these algorithms are faster than 
memory-based algorithms, they require a full set of users’ preferences to develop user 
models; such a set is often not available. Moreover, model-based algorithms are often 
very costly for learning and updating phases. Instead, memory-based algorithms are 
quite straightforward to use. They find correlations between users based on statistical 
techniques for measuring similarity, such as Pearson correlations or Cosine similari-
ties (Breese et al. 1998). As they are more straightforward, we use memory-based 
algorithms in this research. In case the pure memory-based algorithms do not scale 
well in real-life applications, we combine them with some pre-computation to reduce 
the run-time complexity (Schafer et al. 2007). 
The technique of CF algorithms often refers to user-based and item-based algo-
rithms (Manouselis and Costopoulou 2007; Schafer et al. 2007). User-based algo-
rithms try to find patterns of similarity between users in order to make recommenda-
tions, and item-based algorithms follow the same process but are based on similarity 
between items (Schafer et al. 2007). In this research, we are interested in user-based 
algorithms because we focus on users interactions and activities within an online so-
cial environment such as the ODS platform.  
Output. The majority of the recommender systems generate recommendations in the 
form of suggestions on content or people, or sometimes ratings (Beham et al. 2010; 
Drachsler et al 2009; Recker et al. 2003). Another common output of recommender 
systems is predictions of a rating value that a user would give to an item (Schafer et 
al. 2007). In this research, we currently focus on recommending content to the teach-
ers in the context of the ODS platform. As a further step, we aim to make suggestions 
on people as well. 
2.5 Operation 
In the TEL domain, most of the recommender systems follow a centralized architec-
ture, in which a central recommender server provides access to a single learning ob-
ject repository; only a few are based on a distributed architecture (Manouselis et al. 
2012). In this research, we intend to follow the agent-setting distributed approach by 
(Fazeli et al. 2010) to provide more scalability if the number of users were to increase. 
Fazeli et al. describe each user by extending the FOAF agent concept (Dokoohaki and 
  
Matskin 2008; Fazeli et al. 2010; Golbeck 2005). As a result, each user can be viewed 
as a peer in a distributed setting such as peer-to-peer networks.  
The recommendations are to be made at the recommender server (location) and are to 
be sent to the users as a part of their natural interactions within the ODS platform, e.g. 
when a user browses a page or rates a learning object. In this way, users do not need 
to ask for recommendations explicitly; this is referred to as passive mode (Schafer et 
al. 2007). Thus, users receive recommendations on learning objects they make an 
action such as browsing, rating, tagging, etc. within the ODS platform. 
3 Requirement analysis 
In this research, we follow the methodology described by Manouselis, Drachsler, 
Verbert and Duval for recommender systems in TEL (Manouselis et al. 2012). We 
extended this methodology by first conducting a survey study with teachers in the 
context of the ODS summer school for European teachers in Greece, July 2012. We 
there asked them to fill in a questionnaire regarding the importance or usefulness of 
the activities within an online social platform and also regarding the use of recom-
mender systems. The questionnaire consists of questions about the use of social data 
and recommender systems by teachers e.g. “Do you find sharing of content on Face-
book, Twitter, etc. or by email important, useful or useless”. Moreover, the designed 
questionnaire includes questions about how teachers think of recommender systems.  
    In the following subsections, we will first describe a use case scenario for a teacher 
called Irma, to identify the main requirements; then, we will discuss the results we 
achieved based on the Irma use case scenario. The results present a list of the most 
important needs and requirements of teachers within an online social environment 
such as the ODS platform. 
3.1 Irma: a teacher from the Netherlands 
We created a use case scenario for a staring teacher in math and physics at a second-
ary school in the Netherlands (Drachsler et al. To appear). We call her Irma. Figure 2 
shows a UML use case diagram to describe her activities within the ODS platform.   
Irma has just started to work as a teacher and as a new teacher she faces several 
challenges every day at her school. An official mentor was already assigned to her to 
have weekly meetings but she still does not feel confident. She would like to get in 
touch with other teachers, mentors, experts, and novices, to share her concerns with 
them. Sometimes it is not even clear to her what the problem is and how she can for-
mulate it when she has official meetings with her mentor. So, she needs to hear how 
things went with the other teachers, what were their main challenges when they start-
ed their job, and how they tackled those issues. She is quite curious to know if there is 
somebody out there who is in a situation similar to hers and, if so, whether they could 
exchange information. Moreover, she is very interested to know how she could inno-
vate her teaching in her classroom to attract and motivate the pupils and to make the 
atmosphere of the classroom more entertaining. Irma has just seen an advertisement 
about a social platform for teachers called the ODS platform. She decides to check it 
out and she first uses the search mechanism by entering a few keywords to explore the 
available learning resources related to her teaching subject. She browses the results 
and selects a couple of them that look interesting to her. If she so wishes, the platform 
allows her to share the interesting ones with others on the social networking sites such 
as Facebook or Twitter, or simply by sending emails to them.  
 
 
Fig. 2. Irma use case diagram 
Whenever Irma happens to find a learning resource, she can see the evaluations of 
other users (ratings, reviews, etc.) and the discussion posts connected to the selected 
learning resource. Irma finds several groups related to the discussion posts that at-
tracted her and she feels quite motivated to participate in discussions because that is 
exactly what she has been looking for. To do so, Irma has to become a member first, 
to be allowed to go to the “My ODS” (shown in Fig. 2). So, she fills in a registration 
form and becomes a member. Now, she can join groups that interest here and partici-
pate in discussions. She can rate, tag, bookmark the learning resources and make 
comments as part of her activities within the ODS as a social platform (note that this 
we referred to as social activities of a user). The more she contributes to the social 
activities, the more points she receives for her ‘Karma’, that shows her potential for 
being a trustworthy user. Furthermore, Irma sees a personal dashboard on the “My 
ODS” page where she receives recommendations on learning resources that might be 
of interest to her. That is particularly useful when she is not quite sure about the exact 
keywords she has to enter when searching for learning resources. Irma becomes even 
happier when she sees a list of recommended people for her based on her past activi-
  
ties and profile. She browses the list and finds experts, mentors, and other novices 
among them with whom she would like to get in touch. So, she chooses to “follow” 
them in order to see what kind of social activities they have been engaging in within 
the ODS platform e.g. if they rated, bookmarked, tagged resources and if they posted 
a new discussion in a particular group. Based on their activities, Irma can add to their 
Karma vote. After checking out the ODS platform, Irma now feels much more confi-
dent to see that there is much suitable content and there are many interesting people in 
the ODS for her. (For a more detailed use case scenario, please refer to the ODS de-
liverable 8.1 (Drachsler et al. To appear). 
3.2 Validation of Irma use case 
To validate the Irma use case, we took advantage of a summer school for European 
teachers that was held in Greece, July 2012 in the context of the ODS. We first pre-
sented the Irma use case to the participants of a visionary workshop, and followed that 
up with discussions on the use case. Then, we asked the participating teachers to fill 
in a questionnaire consisting of statements about social activities and recommender 
systems. The intention was to find out if the participating teachers would find them 
useful or important for their personal and professional development. In total, 33 
teachers participated in the survey study; they came from 14 countries (Portugal, 
Germany, France, Finland, Greece, Austria, Poland, Lithuania, Spain, Hungary, Ro-
mania, Cyprus, Ireland, Serbia and the US). From each country 2 teachers participated 
except for Spain and Hungary with 5 and 4 participants, respectively. The majority of 
participants were secondary school teachers (73%) while there were also representa-
tives from primary schools (6%), teacher trainers (6%) and trainees (27%), university 
lecturers (6%), museum educators (6%), curriculum developers (3%) and educational 
policy makers (6%). Some of the participating teachers indicated that they had more 
than one role. 18 female and 15 male teachers participated. Participants came from 
different age ranges: 20-30 years old teachers (25.2%), 31-40 years old (33.4%), 41-
50 years old (22.2%) and over 50 years old (19.2%). 
Fig. 3 shows the degree to which the participating teachers found it useful or im-
portant that the social activities displayed on the horizontal axis be provided within a 
social platform like the ODS. All of them agreed that the possibility to share content 
via social networks such as Facebook or Twitter is very important. In the second 
place, around 97% of the teachers found recommending content to somebody like a 
friend or colleague quite useful. Moreover, almost 80% of the participants thought 
that it is important to be able to tag the content by keywords, to rate the content, to 
follow other users, and to follow/participate existing groups in an online social plat-
form. For around 65% of participating teachers bookmarking content seemed to be a 
useful activity.  On average, 53% of the teachers thought that it is useful to comment, 
to create groups, and to report inappropriate content or a broken link. 
In total, more than 50% of the participants found most of social activities important 
or useful. It shows how much the teachers are interested in the social features that the 
ODS platform is to provide to them.  
 
 
Fig. 3. How much the teachers find the online social activities important/useful 
In addition to the results shown in Fig. 3, we asked the teachers some more de-
tailed questions about receiving recommendations, as well as about privacy issues in a 
an online social platform. Figure 4 presents the results of what the participating teach-
ers found important or useful and the degree to which they thought so. It shows that 
privacy issues are quite important for most of the teachers. They want to know with 
whom they share content and information, and also who can see their profile. There-
fore, they need to be able to control their privacy settings in an online social platform. 
Moreover, 91% of the participating teachers found it important to recognize how 
much they can trust the other users e.g. with respect to the content other users shared 
with them. The planned extension of the trust-based recommender (Section 2.4) will 
ensure that some user is introduced to the other users in trust networks by the assigned 
T-index, which bases itself on that user’s contributions and history. This will then also 
enable us to address these requirements. 
Fig. 4 furthermore shows that 81% of the participating teachers preferred to receive 
recommendations from their friends, friends of friends, or from those with a career 
similar to theirs. In the terminology of social networks, the teachers preferred to re-
ceive recommendations from those who are connected to them either directly or indi-
rectly through their intermediate friends. As described in Section 2.4, we intend to 
generate recommendations by traversing the trust networks of users created by fol-
lowing the T-index approach (Fazeli et al. 2010). So, the collected recommendations 
for a target user will be collected from those who are connected to them either directly 
or indirectly through their intermediate friends. As a result, the generated recommen-
dations within our system will be capable of meeting the above requirements that 
have been indicated as important by 81% of the participating teachers.  
  
According to Fig. 4, 70% of the participating teachers found it useful to receive 
recommendations that are automatically generated based on their profile. In other 
words, the teachers prefer to receive recommendations without the need of asking for 
recommendations explicitly. As indicated in Section 2.5, we aim to generate the rec-
ommendations automatically on users’ social activities such as rating, tagging, brows-
ing, etc. within the ODS platform. This enables us to fulfil the need of receiving au-
tomatically generated recommendations pointed out as important by 70% of the 
teachers. 
 
Fig. 4. How much teachers find the detailed requirements important/useful 
4 On going and future research 
Section 3 described our requirements analysis as the first step of our research method. 
This section now presents next steps that should be taken. 
4.1 Data study 
The main goal is to find a recommender system algorithm that best covers the re-
quirements for teachers derived in Section 3. To uncover what is best, we will con-
duct an offline empirical study of different recommender system algorithms on a se-
lected collection of representative datasets. The study will be in terms of the metrics 
that are most often used to evaluate the performance of recommender systems, such 
as prediction accuracy of the generated recommendations. In addition, we aim to 
study the structure of the trust networks of users when using the trust-based recom-
mender system (Fazeli et al. 2010). The network’s structure will be evaluated in terms 
of indegree distribution (for some node on a network, the indegree describes the num-
ber of incoming edges to that node). In this research, we can interpret the indegree of 
a user within a network, as the number of users that already trusted the user. In gen-
eral, we are interested in a balanced indegree distribution that can have a positive 
effect on users’ mutual interactions and their contributions. Initial results will indicate 
which of the recommender algorithms suits teachers best and if the trust-based rec-
ommender system can indeed help to deal with the problem of sparse data exhibited 
by the datasets used.  
Based on the requirement analysis described in Section 3, we selected the following 
educational datasets as our candidate datasets to be studied (Verbert et al 2011): Trav-
el well, MACE, OpenScout, MERLOT. The planned study will evaluate a set of dif-
ferent classical CF algorithms next to the trust-based algorithm (Fazeli et al 2010) on 
a variety of educational datasets. An issue with the educational datasets is that most of 
them are not publicly available. Moreover, unfortunately, there is no golden standard 
dataset in the educational domain such as is the MovieLens dataset8 in the e-
commerce world. For instance, for the Travel well dataset, different versions are 
available. In fact, no unique version has been singled out for running the experiments, 
nor for making a comparison in the recommender system community. To address 
these issues, the dataTEL project proposed to establish a set of representative datasets 
as a reference for running data-driven studies in the educational domain (Drachsler et 
al. 2011). 
4.2 User evaluation study 
Having identified the most promising recommendation algorithms based on the data 
study, we will develop the initial recommender system for the ODS project. We will 
run a user evaluation study at one of the upcoming ODS summer schools to study 
usability of the prototype by evaluating users’ satisfaction. Through a questionnaire 
the end-users will be asked to provide feedback on the prototype. Questions asked 
will be how interesting the end-users find the recommended content and how recom-
mended content can help users to gain new knowledge or improve their current 
knowledge (Tang and McCalla 2009). 
Based on the outcomes, the prototype will be customized and improved so as to be 
able to deploy an improved release for an extended pilot study with a large number of 
European teachers as the ODS real users. Initial feedback by end-users on usability of 
the prototype is the outcome we expect. 
4.3 Pilot study 
Ultimately, we aim to deploy a stable release that will be tested under realistic and 
standard operational conditions with the end-users. To do so, we compare the perfor-
mance of a proposed recommender system based on our presented framework with 
classical collaborative filtering algorithms. Furthermore, we aim to study the structure 
of the teachers’ networks to investigate how networks of teachers will evolve by the 
use of social data. To evaluate the effectiveness of the proposed recommender system, 
                                                            
8 http://www.grouplens.org/node/73 
  
we will compare the results in terms of the total number of learning objects which 
have been visited, bookmarked, rated, etc. for two groups of users:  
• Those who are aided by recommender systems to access learning objects  
• Those who access learning objects directly from the repository, without the help of 
a recommender system. 
We will measure prediction accuracy, coverage and F1 measure of the generated 
recommendations, effectiveness in terms of total number of learning objects visited, 
bookmarked, or rated, as well as indegree distribution. The last will be used to study 
how the structure of the networks changes. Once the results are in, we expect to find 
out whether our proposed recommender system outperforms the classical CF algo-
rithms. An important concomitant outcome will be the visualization of teachers’ net-
works, to show how the network’s structure evolves when relying on inter-user trust 
relationships that come from the social data of users. 
5 Conclusion  
In this paper, we introduced recommender systems as a potential way to support 
teachers in finding content that matches their needs and interests. We also argued that 
we likely need to overcome the sparsity problem, which hinders recommender sys-
tems in the educational domain. Therefore, we presented two research questions and 
research method that mainly focus on ways to tackle the sparsity problem. Social trust 
is a key concept here. The results of a requirement analysis presented in this paper 
were consistent with the main requirements described by a use case scenario. The 
results indicated that the majority of the teachers are interested in online social activi-
ties such as rating, tagging, bookmarking, sharing the content, commenting, following 
other users, etc. Moreover, the results show that teachers prefer to receive recommen-
dations from trustworthy users in particular. This requirement underscores the use of 
social trust when designing a recommender system for teachers. 
Besides recommending the most suitable content to teachers, we plan to support 
teachers to find the peers with whom they can share their concerns and, in general, 
exchange knowledge. 
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